spectral library, and utilized their experimental MS2 spectra as surrogate spectra for identifying their neighbor metabolites (Fig. 1b) . This approach facilitates metabolite identifications without expanding the spectral library. Importantly, the reiterated application of this surrogate principle allows significant and progressive expansion of identified metabolites with the MRN through our recursive algorithm (Fig. 1c) .
We next showcased the MetDNA workflow using untargeted metabolomics data acquired from aging samples of the fruit fly (Drosophila melanogaster; 3-day vs. 30-day; Fig. 2 and Online Methods). The fruit fly has been an important model organism for aging studies. However, the metabolic changes during adult lifespan of fruit flies remain to be explored. For the positive mode dataset, we detected a total of 18,320 MS1 peaks using XCMS 17 . Next we imported the generated MS1 peak table and MS2 data files into MetDNA. We first identified 115 metabolites using the standard spectral library. Among 115 metabolites, we selected 113 metabolites with KEGG IDs as the initial seed metabolites to map the MRN and retrieved their neighbor metabolites ( Fig. 1c and Fig. 2a ). At the first round, 581 neighbor metabolites were retrieved. Specifically, 145 of the 581 metabolites were identified by matching the calculated m/z, theoretical retention times (RTs) and surrogate MS2 spectra from the seed metabolites with the experimental data ( To sum, a total of 2,117 metabolites were identified from a single experiment (Fig. 2c) . Notably, majority of the metabolites were identified from the first eight recursive rounds, which accounted for more than 85% of total identified metabolites. Importantly, as the recursive identification progressed, we observed that the confidence of identified metabolites remains similar (Supplementary Fig. 6 ). Here we use an initial seed metabolite (adenosine diphosphate, ADP) as an example to demonstrate that MetDNA identified 4 metabolites in a recursive manner: adenosine diphosphate (AMP), inosine monophosphate (IMP), N6-(1, Fig. 7 ). The structures of these 4 metabolites were further validated using chemical standards to prove the accuracy of MetDNA (Supplementary Fig. 7 ). To conclude, our data indicates that the application of MetDNA provides a substantial expansion of identified metabolites from a just small number of initial seed metabolites (Fig. 2d) .
2-Dicarboxyethyl)-AMP and inosine (Supplementary
We further evaluated how the number of initial seed metabolites impacts the identification result. Using the fruit fly dataset, we randomly selected a small fraction of seed metabolites as the initial seeds for recursive identification. Interestingly, the use of 15 metabolites as seeds was sufficient to identify similar number of metabolites compared to that of 113 seed metabolites ( Fig. 2e and Supplementary Fig. 8 ). In addition, 86% of the identified peaks had the exactly same identifications as those derived from 113 seed metabolites (Fig.   2e ). When using more initial seed metabolites, the overall confidence levels were slightly elevated and consequently the redundancy in the final result was slightly reduced (Supplementary Fig. 8 ). We observed a similar result from metabolomics dataset of aging mouse samples (Supplementary Fig. 9 ), suggesting that the overall performance of MetDNA analysis has been little influenced by the number of initial seeds.
Therefore, the use of a small tandem spectral library to identify initial seed metabolites is sufficient.
How reaction steps involved determine the identification result was another critical aspect to be evaluated.
Indeed, the inclusion of two or more reaction steps when retrieving the neighbor metabolites significantly increased the number of identified metabolites compared to one reaction step, while maintaining similar levels in confidence and redundancy (Supplementary Fig. 10 ). Similar results were obtained using aging datasets from fly and mouse (Supplementary Fig. 10 ).
To validate the identifications obtained from MetDNA, we first confirmed the chemical structures of the initial seed metabolites in the fruit fly dataset using commercial chemical standards (Supplementary Tables 1 and 2), which are considered as the Level 1 identifications according to MSI 18 . Using the initial seed metabolites, we designed a validation strategy ( Supplementary Fig. 11 and Online Methods). Specifically, 30% of the metabolites were randomly selected as the seeds, while the remaining 70% were used for the validation. The validation process was repeated 10 times. Finally, 90.2% of the metabolites in the validation metabolites were successfully identified (Fig. 2f) . The overall percentage of the correct identification was 84.0%, whereas isomer and erroneous identifications were only 5.1% and 10.9%, respectively ( Fig. 2f and 
Supplementary Data 1)
. Similar results were also obtained for negative mode data ( Supplementary Fig. 11 and Supplementary Data 1). We also repeated the validation process using additional independent datasets and found that the identifications from MetDNA were highly accurate ( Supplementary Fig. 11 ,
Supplementary Tables 3 and 4, and Supplementary Data 2).
We further tested MetDNA workflow with additional biological datasets. We found that over 2,000 metabolites could be identified from a variety of biological samples by this approach (Fig. 2g, and Supplementary Tables 5 and 6). These datasets covered five species and seven different sample types. The data acquisition used three different instrument platforms (Sciex TripleTOF, Agilent QTOF and Thermo Orbitrap) and the MS2 data were obtained using different acquisition methods such as data dependent acquisition (DDA), data independent acquisition (DIA) or targeted MS2 acquisition (Supplementary Note 1) .
Thus, MetDNA provides a platform-independent and versatile software tool.
In addition to metabolite identification, MetDNA can also perform dysregulated pathway analysis. In the aging fruit fly dataset, the statistical analysis discovered 875 dysregulated peaks with identifications (Student's t-test, FDR-corrected P-values < 0.01, Fig. 3a and Supplementary Data 3) . The pathway enrichment analysis identified 24 dysregulated metabolic pathways (Hypergeometric test, P-values < 0.05, Fig.   3b and Supplementary Data 4) 19 . Most of the dysregulated pathways that showed age-dependent regulation were associated with amino acid and sugar metabolism ( Fig.3c and Supplementary Fig. 12 ).
With substantially enlarged metabolomics data, we are now able to perform a multi-omics analysis by integrating the metabolomic data with transcriptomic data. A total of 74 and 51 metabolic pathways were quantitatively profiled using transcriptional and metabolomic analyses, respectively (Supplementary Data 5,
6, 7 and 8).
A correlation network was constructed to demonstrate the high consistency in the changes between metabolites and gene expression 20 ( Fig. 3d) . Eleven out of 24 overlapped metabolic pathways were highly correlated (red lines in Fig. 3d ; Student's-t test, P-values < 0.05). The metabolism of glycine, serine and threonine is a prominent example (KEGG ID: dme00260) of highly correlated at the metabolite and gene levels, as shown by a correlation network with 114 edges comprising 18 genes and 21 metabolites (Fig. 3e,   Supplementary Figs. 13 and 14) . The high correlation between gene expression and metabolites further validated the high confidence of metabolite identifications using MetDNA.
In conclusion, a new software tool named MetDNA has been developed for the large-scale and unambiguous identification of metabolites in untargeted metabolomics. MetDNA significantly increases the number of identified metabolites by using a MRN-based recursive strategy. In addition, MetDNA can also perform a dysregulated pathway analysis and provide quantitative evaluations for pathways and metabolites.
By expanding the metabolite identification and integrating metabolomic and genomic data, MetDNA can become a powerful tool for integrative multi-omics analysis. MetDNA is available as a webserver with user-friendly interfaces (http://metdna.zhulab.cn/) and is free for non-commercial use. 
ONLINE METHODS

Metabolic reaction network (MRN).
The metabolic reaction network is a network for metabolite-to-metabolite-based enzymatic reactions, and it was constructed using the KEGG database (http://www.kegg.jp/). In one metabolic reaction, the substrate and product metabolites are paired according to their structural similarity, and defined as one reaction pair (or reactant pair, RP) 16 . There are over 15,000 RPs defined in the KEGG. Here, we selected 9,603 RPs with specific metabolites and discarded the remaining generic reactions, symbolic reactions, or reaction pairs that only had small molecules such as oxygen and water. All the selected RPs were then combined to construct the MRN using the R package "igraph". In the MRN, one node represents one metabolite, and one edge represents one reaction pair. Two metabolites connected by one edge indicate that they are neighbor metabolites. Finally, the MRN contains 7,639 metabolites (nodes) and 9,603 reaction pairs (edges) in total. Detailed information of all the reaction pairs in the MRN is provided in Supplementary Data 9.
Data import. MetDNA requires the import of a MS1 peak table (.csv format) and MS2 data files (.mgf or .msp format). The MS1 peak table is a list of metabolic peaks with annotated m/z and retention times (RTs).
The MS1 peak table is generated from the raw MS files using common peak picking software such as dot-product (DP) function 22 is used to score the similarity between the experimental spectrum and the standard spectrum in the library (eq. 1). The DP score ranges from 0-1, from no match to a perfect match. The intensities of the fragment ions in the MS2 spectra are rescaled so that the highest fragment ion is set to 1. ScoreRT represents the retention time match score and is calculated as follows:
Tolerance RT (eq. 4)
RTE and RTT are the experimental RT and theoretical RT, respectively. The ToleranceRT represents the tolerance of RT match with a default value of 3 seconds.
Scoreint represents the relative intensity match score and is calculated as follows:
Tolerance int (eq. 5)
IntE and IntT are the experimental relative intensity and theoretical relative intensity, respectively. The
Toleranceint represents the relative intensity match tolerance with a default value of 500%. Third, after the annotation of the adduct peak, the isotope peak annotation for each adduct peak is also performed using the same procedures described above. where Scorem/z, Wm/z and WRT are the same as in eq. 2. ScoreRT is calculated as follows:
Tolerance RT (eq. 8)
RTE and RTT are the experimental RT and theoretical RT, respectively. The ToleranceRT represents the tolerance of RT match with a default value of 30%.
Scorespec is the MS2 spectral match score, which is scored using a dot-product function (eq. 1) with some modifications. If the m/z value of seed metabolite is larger than the neighbor metabolite, the fragment ions in the surrogate MS2 spectrum with m/z larger than that of the neighbor metabolite are removed. Vice versa, the fragment ions in the experimental MS2 spectrum with m/z larger than that of seed metabolite are also removed.
Wspec is the weight of Scorespec. The default values of Wm/z, WRT and Wspec are 0.25, 0.25 and 0.5, respectively.
The identifications of each MS1 peak are ranked by Scoreiden. After the identification of neighbor metabolites, isotope peak annotation is also performed for each neighbor metabolite using the same procedures described above.
Selection of seed metabolites and recursive identification.
After one round of identification, new seed metabolites are selected from the identified neighbor metabolites to start recursive identification (Fig. 1c) .
Peaks with new identifications are selected as seed metabolites. MetDNA then repeats the neighbor metabolite identification and isotope peak annotation until there are no new seed metabolites available for the next round of annotation.
Confidence assignment.
MetDNA uses a multi-step strategy to evaluate the confidence of the metabolite identification. First, all the identified MS1 peaks are grouped according to their identification and RT. The MS1 peaks with the same metabolite identifications are grouped together and further divided into different peak groups according to their RT. The peak group is defined as a set of peaks (e.g., monoisotope peak, isotope peaks, and adduct peaks) with the same identification and in the same RT window (default is 3 seconds). If one peak has multiple identifications, it may belong to multiple peak groups. Similarly, one metabolite may also belong to multiple peak groups. The confidence is then assigned to each peak group and all MS1 peaks in the group according to the following rules:
1) Grade 1: at least one MS1 peak in the peak group is identified through the standard spectral library (or initial seed metabolite);
2) Grade 2: do not meet rule 1, and there are isotope peaks available in the peak group; Redundancy removal. Identification redundancy includes peak redundancy and metabolite redundancy. Peak redundancy is defined as the total number of metabolite identifications divided by the total number of peaks with identifications, that is, the number of metabolites per peak. By contrast, the metabolite redundancy is defined as the total number of peak groups with identification divided by the total number of metabolite identifications, that is, the number of peak groups per metabolite. MetDNA then removes the identification redundancy according to the confidence levels of the peak group and the peaks in the group. First, if one metabolite matches multiple peak groups, the program removes the identification from all the peaks in the peak groups with grade 4. However, if all of the matched peak groups are grade 4, all the identifications are maintained. Second, if one peak matches multiple metabolites, the identifications with the highest grade are kept. After the removal of the identification redundancy, the constitution of the peak groups may change. The confidence assignment is then repeated, followed by a repetition of the redundancy removal process, which is also a recursive process. The recursive process continues until the identification redundancy remains unchanged. The identification redundancy is calculated as the mean value of the peak redundancy and the metabolite redundancy. MetDNA utilizes the quantitative structure-retention relationship (QSRR) to construct a prediction model to generate theoretical RTs 25, 26 . The RTs of metabolites under liquid chromatography (LC) highly depend on their structures and physiochemical properties, which can be described quantitatively using molecular descriptors (MDs) 25, 26 . With the QSRR prediction model, the input of a set of MD values for one metabolite could generate the theoretical RT. This approach requires the following data to establish a prediction model: (1) a training dataset containing a number of metabolites with experimental RTs; (2) a machine-learning-based algorithm; and (3) the MDs of metabolites. The detailed steps for the RT prediction are described below.
Identification of dysregulated pathways. A pathway enrichment analysis is used to identify
Step 1. Calculating the molecular descriptors. The R package "rcdk" is used to calculate the MDs of the metabolites from their SMILES structures. The SMILESs of metabolites from the in-house spectral library and the MRN were obtained using the Identifier Exchange Service of PubChem (https://pubchem.ncbi.nlm.nih.gov/idexchange/idexchange.cgi). A total of 346 MDs are calculated for each metabolite.
Step 2. Obtain a training dataset. The identified metabolites through the spectral match are used as the training dataset to establish the prediction model. If one MS1 peak has multiple metabolite identifications, or vice versa, then the unique metabolite identification is selected using the following criteria: (1) if one MS1 peak has multiple identifications, the one with the highest DP score is kept; (2) if one metabolite matched to multiple MS1 peaks, then the one with the highest intensity is kept; and (3) Step 4. Parameter optimization. The parameters in the RF algorithm, ntree (i.e., number of trees to grow) and mtry (i.e., number of variables randomly sampled as candidates at each split) are also optimized. The two parameters are combined together to form a set of parameter combinations. The performance of each parameter combination is evaluated using the mean squared error (MSE). The parameter combination with the smallest MSE is used to construct the final prediction model.
Step 5 Standard MS2 spectral library. The standard MS2 spectral library is used to identify the initial seed metabolites in MetDNA. The curation of the library is provided in our previous publication 27 . All the MS2 spectra were acquired on Sciex TripleTOF 5600 or 6600 instruments with commercial metabolite standards.
For each metabolite, the targeted product ion scans were applied to acquire the MS2 spectrum with a flow injection method. The curation of the spectral library follows the instructions and protocols in a publication from the NIST to improve spectral reproducibility 28 . In brief, for each metabolite, at least 11 MS2 spectra were acquired. The cluster of MS2 spectra with high similarities (DP > 0.7) was selected to generate a consensus MS2 spectrum. MS2 spectra at different levels of collision energy (10, 20, 30, 40, and 35  15) were acquired. The current library in MetDNA contains 841 metabolites in total, with 841 for the positive mode and 837 for the negative mode (Supplementary Data 11) .
Validation of metabolite identification.
A validation strategy was designed to validate the metabolite identifications from MetDNA ( Supplementary Fig. 11) . (1:1, v/v; 100 µL) was then added to reconstitute the dry extracts, followed by sonication (50 Hz, 4 °C) for 10 min. The solutions were centrifuged at 13,000 rpm and 4 °C for 5 min to precipitate the insoluble debris.
Finally, the supernatant solutions were transferred to HPLC glass vials and stored at -80 °C prior to LC-MS/MS analysis. 95% B. The injection volume was 2 L. All the samples were randomly injected during data acquisition.
LC-MS/MS
The data acquisition was operated using the information-dependent acquisition (IDA) mode. The source parameters were set as follows: ion source gas 1 (GAS1), 60 psi; ion source gas 2 (GAS2), 60 psi; curtain gas The detailed parameters for the data conversion are listed in Table 1 . First, the mzXML data files were grouped into two folders (named "W03" and "W30") and subjected to peak detection and alignment using the R package called "xcms" (version 1.46.0, https://bioconductor.org/packages/3.2/bioc/html/xcms.html) 17 . The detailed code for XCMS processing is provided in Supplementary Note 2. The key parameters were set as follows: method = "centWave"; ppm = 15; snthr = 10; peakwidth = c(5, 40); minifrac = 0.5. The generated MS1 peak table includes the mass-to-charge ratio (m/z), retention time (RT), peak abundances, and other information. The peak table was then modified as follows: (1) for the first 12 columns, those named "name", "mzmed" and "rtmed" were kept, and the others were deleted; (2) the first three columns were renamed "name", "mz" and "rt". The generated MS1 peak tables (one for positive mode and one for negative mode) are used for the MetDNA analysis. Second, a "sample information" file (.csv format) is prepared to describe the sample group information.
The first column is named "sample.name", while the second one is named "group". Two group names ("W03"
and "W30") are provided.
Finally, the MS1 peak Transcriptomics data for the aging fruit fly. The RNA-seq of the aging fruit fly head tissues (3-day vs.
30-day, n = 3 for each group) was obtained from our recent study 29 and downloaded from the Gene Expression 
